Breast cancer conservative treatment (BCCT) is considered the gold standard of breast cancer treatment. However, aesthetic results are heterogeneous and difficult to evaluate in a standardised way. The limited reproducibility of subjective aesthetic evaluation in BCCT forced the research on objective methods. A recent computer system was developed to objectively and automatically evaluate the aesthetic result of BCCT. In this system, the detection of the breast contour on the digital photograph of the patient is necessary to extract the features subsequently used in the evaluation process.
INTRODUCTION
The oncological outcome of Breast Cancer Conservative Treatment (BCCT) is equivalent to mastectomy in terms of overall survival. The absence of a standardised tool for aesthetic evaluation of this kind of treatment limits, however, the applicability of any comparative analysis of cosmetic outcome.Subjective methods usually evaluate a patients appearance by one or several observers. However, results of subjective evaluation show only a modest inter-observer agreement, even when performed by expert observers [1] . Objective methods, using measurements taken directly from the patient or from photographs, increase the reproducibility of the assessment.
The BCCT.core software was developed to provide an objective and automatic evaluation of the aesthetical result, not only based on asymmetries, but also based on other parameters (surgical scar appearance and skin colour difference) extracted from patients' photographs. This objective score was translated into a result according to Harris scale: excellent, good, fair, or poor. The aim was to develop a reproducible and widely available methodology for the evaluation of aesthetic results in BCCT, enabling effective comparison of outcome between centers [2] . * The use of BCCT.core to assess the overall aesthetic result entails the automatic extraction of several features from the photograph of the patient (see Figure 1a for a typical photograph), capturing some of the factors considered to have impact on the overall cosmetic result: breast asymmetry, skin colour changes due to the radiotherapy treatment, and surgical scar visibility [2] . In order to extract the identified relevant features from the image, the detection of the breast contour is necessary. In [3] the authors describe a semi-automatic method for the detection of the breast contour which the user has to manually identify the two endpoints of the breast contour, with the algorithm automatically finding the contour inbetween. Subsequently the user input was eliminated by automatically detecting the endpoints of the breast contour [4] .
Nevertheless, the results for the breast contour detection, both for manually and automatically placed endpoints, are not always satisfactory. Occasionally, the method outputs an anatomically unlikely breast contour. This is especially true on women with small breasts (leading to weak contours)-for which the method may propose a straight line for the breast contour-, or on low-quality images, when the methods may be fooled to follow other anatomic parts, like the edge of the torso. Here, we improve on [3, 4] by incorporating shape information on the contour detection algorithm. The shape constraint makes the contour detection algorithm more robust to avoid distracting edges, and the graph algorithm guarantees that the best solution is found.
Before presenting the proposed approach, and for completeness, we recover the framework for breast contour detection between two known endpoints of [3] . Then, in Section 3, we describe parametric and non-parametric alternatives to define our a priory knowledge about the shape of the breast and incorporate that knowledge in the shortest path algorithm. Next, we provide a thorough evaluation of the performance of the proposed method against manually-outlined breast contours. Examples are provided and a performance analysis is conducted in Section 4. In Section 5, we conclude the paper.
PREVIOUS WORK
In the previous work [3] , the breast contour detection with known endpoints was solved by finding the minimum cost path between the source and the destination endpoints in a graph whose nodes correspond to the pixels in the image and edges connect neighbouring pixels. The weight function on the edges was defined so that the shortest path corresponds to a path that maximises the amount of edge strength in the image along the contour. The weight of the edge connecting 4-neighbour pixels p and q was expressed as an exponen-
with α, β, γ ∈ R and g is the average of the gradient computed on the two incident pixels. For 8-neighbour pixels the weight was set to √ 2 times that value. The parameters α, β, γ were experimentally tuned, yielding α = 0.15, β = 0.0208, γ = 1.85. Having the problem of contour detection been formulated as a shortest path problem, a number of algorithms are available in the graph theory literature to find the optimal solution, such as the Dijkstra's algorithm [5] .
To enforce shape constraints, deformable templates are often used. Prototype-based deformable templates are usually constructed from a set of training examples. Then principal component analysis is applied to define an average template shape and modes of variation [6, 7, 8] . Unfortunately, when graph algorithms are used, the cost function is influenced by only two consecutive pixels at a time. More pixels would be needed to encode shape information. Nevertheless, graph algorithms have the advantage over gradient descenttypical on active contours-in that they recover the optimal solution and do not get trapped in local minimal. Therefore, in the following, we proposed different approaches to encode the a priory shape knowledge in the graph design.
PRIOR SHAPE MODELLING
When localising the breast contour, prior knowledge is very helpful. To incorporate this into the shortest path process, we consider different alternatives to modify the weight function of the graph, reflecting our knowledge of the shape. The weight function will be modified by a term measuring the shape probability. The shortest path problem is then formulated on this modified weighted graph. The key advantage of this approach is that the shortest path computation is left unchanged and hence is efficient and discovers the optimal solution. Yet, the challenge is now to construct a good description of the space of breast shapes in the graph model.
Parametric prior
Standard analytical parametric models encode the geometric shape with a small number of parameters. The typical round or tear drop shape of a breast suggests that a conic section is a good approximation to the breast contour. Note however that the breast contour may be severely deformed after the surgical intervention, in relation to its typical shape. This justifies that the regression by a conic section would not be flexible enough to, by itself, yield the final breast contour. However, that same limitation can be used in our benefit. Because it is more constrained, it can be robustly estimated from a noisy, small set of data. We consider the output of this regression as a priory knowledge about the shape and size of the breast. One may think this as empirical prior-prior, because the type of admissible curves are based in our a priory knowledge; empirical, because the parameters are estimated from the data itself. Note that we perform the regression on the patient to assess, and do not try to arrive at an average breast contour from a train set of manually outlined breast contours. That is because the high variability of contours in size and shape would render the average breast ineffective.
Next, to add this prior shape information into the contour detection process, the Euclidean distance map was used as a representation of the regression curve. We represent the curve C by its Euclidean distance transform map Φ, where Φ(x, y) is the Euclidean distance to the closest point of C. Hence the Euclidean distance transformation creates an image where the value of each pixel is the distance from this pixel to the nearest pixel belonging to the curve C. Note that by definition C = {(x, y)|Φ(x, y) = 0}.
The design of the weight function has previously included only the gradient information. We can now generalise the expression of the weights by including a component penalising pixels with a high Euclidean distance value. The rationale supporting this decision is that the contour points will, with high probability, be close to the regression curve and the probability of belonging to the breast contour decays with the increase of the Euclidean distance. An exponential increase on the weights of the edges was modelled as
with α, β1, β2, γ ∈ R and d the average of the Euclidean distance values computed on the two incident pixels. We considered three alternatives for curve C: parabola, cubic and ellipse.
Parabola
To obtain the parabola best fitting the data, a constrained least square regression was performed on the edge points (xi, yi), i = 1, . . . , N inside the vertical strip defined by the two known breast contour endpoints, (x1, y1) and (xN , yN ) .
Imposing that the parabola has to contain the two known endpoints of the breast contour, the regression problem results as
Positioning one of the two endpoints (say (x1, y1)) at the origin with a simple translation, the first constraint yields immediately a3 = 0 and the second constraint produces a2 = y N x N − a1xN . Solving the minimisation problem on the single parameter a1 produces the opti-
. Finally, the translation was reversed to obtain the curve on the original space.
The potentially insufficient flexibility of a parabola (constrained by two points), led us to assess a cubic regression; experimental results contradicted our initial conviction. Consequently, we have only included results for the second-degree polynomial regression in subsequent tables.
Ellipse
The typical shape of a breast also suggests trying to find the ellipse that fits best (in least-squares sense) to the edge points [9] . Imposing the same assumptions as in the parabola fitting, we obtained the best ellipse fitting the data and containing the two endpoints. Finally, only the elliptic arc below the cord connecting the two endpoints was considered as the a priori curve.
Non-parametric prior
A difficulty with the parametric approach just presented is that the quality of the final contour is highly correlated with the quality of the regression operation. In this section we consider non-parametric alternatives to impose the a priory knowledge. The first approach learns the shape prior from a set of known breast contours; the second simply tries to enforce our intuitive shape knowledge.
Mask prior
Supposing that we have a training set C = {Ci|i = 1, 2, . . . , M} of M registered breast contours, manually outlined, we propose to construct a nonparametric breast shape prior by defining an admissible breast contour region. Considering the breast contours as closed curves, we defined the difference between the reunion and the intersection of all breast contour regions:
Region R is the smallest simply connected region that contains all breast contours on the training set. If the training set is representative of the population-it was drawn from the underlying breast shape and size distribution-, one expects that unseen breast contours will be found (almost) entirely inside the region R .
The registration of the breast contours in the training set was achieved by setting, with a suitable transformation, one endpoint at (0, 0) and the other in the (1, 0) position. To accomplish that, we first position (x1, y1) at the origin by translating every contour point; next, every translated point, P , is rotated by the rotation matrix R as given in Equation (3), where θ is the angle between endpoints P1 and PN . Finally, the positioning of PN in (1,0) is completed by scaling every transformed point (x i , y i ) by the scale matrix S (see also Equation (3)), where x i are all points of P = R * P .
The incorporation of this prior information into the breast contour detection process followed the approach used on the parametric case. The region R is represented by its Euclidean distance map, where the distance from each pixel is computed to the nearest pixel belonging to the region R. The process finalises with the same weight function, as given in Equation (2). resent pixels with high probability of belonging to the breast contour taking into consideration only our prior knowledge about the breast shape.
Unimodal model
Intuitively, the breast contour is monotonically decreasing from one endpoint down to a minimum point, located approximately in the middle position, and from there it monotonically increases up to the other endpoint. This simple perception about the shape of the breast can be enforced by running the shortest path algorithm in a phased process, instead of directly finding the path between the two given endpoints. To favour a first descending path, we find the shortest path between the external endpoint and a point located at the same column as the internal endpoint, but yGap rows below. We set yGap to twice the x difference between the two endpoints (and therefore relatively robust to the size of the patient in the image). In the second step of the process, we compute a second shortest path between the point of the first path at the x-middle position and the internal endpoint.
Note that, in spite of the name, the unimodal does capture any fluctuation or irregularity in the evolution of contour, as it retains the flexibility of the shortest path process. Secondly, although the auxiliary point is positioned only twice width of the breast bellow the endpoint, the contour can, naturally, go below that point-the actual shape is again captured by the shortest path. Finally, observe that the unimodal model relies only in Equation 1 to construct the weighted graph.
RESULTS
The methodology proposed in this paper was assessed on a set of 190 photographs. All patients were treated with conservative breast surgery, with or without auxiliary surgery, and whole breast radiotherapy, with treatment completed at least one year before the onset of the study. A mark was made on the skin at the suprasternal notch and at the mid line 25 cm below the first mark (see Figure 1a) . These two marks create a correspondence between pixels measured on the photograph and the length in centimetres on the patient.
In order to investigate the possibility of defining an automated method of detecting the breast contour, a set of patients with known breast contour was required. Since, ideally, the automated method should correlate coherently with human assessment, eight different observers were asked to manually draw the contours. A software tool was developed specifically to assist on this job [2] .
Before applying the proposed algorithm, each image was downsized to a constant width of 768 pixels, while keeping the aspect ratio. This improves the computational performance, without degrading the quality of the final result.
To find the best parameterization of each model, we performed a "grid-search" on the parameter space using cross-validation on a training set (40% of the data). The performance was then assessed on the test set (60% of the data). Instead of a visual and subjective evaluation as employed in [3] , we conducted an objective evaluation based on the Hausdorff and the average distances to compare two contours. The Hausdorff distance is defined as the "maximum distance of a set to the nearest point in the other set". Roughly speaking, it captures the maximum separation between the manual and the automatic contours. Table 1 summarises the results for the average distance on the test set, whereas Table 2 : Hausdorff distance in the position of the breast contour. of this study is the superiority of the non-parametric models over the other parametric ones. This conclusion may embody the greater robustness of the former against adverse conditions on the capture process of the images. Note that the parametric models are based on a regression on the patient image under evaluation; as such, do not benefit from the knowledge extracted from a set of known contours. In a last set of experiments, the quality of the breast contour tracking algorithms was assessed with the endpoints automatically positioned using the procedure proposed in [4] . The procedure requires the detection of the trunk contour, which is based on the concept of strong or stable contours, also introduced in that work.
Having already established the superiority of the non-parametric models, only the results for these are presented in Table 3 Table 4 : Hausdorff distance in the position of the breast contour, with endpoints automatically positioned. no significant differences between the two parametric models, the unimodal model has a better resilience performance against possible failures on the endpoints' position. The natural degradation, observed on the performance with automatically placed endpoints, is less pronounced with this model than with the mask based model.
CONCLUSION
We have described in this paper a method for breast contour detection with shape constraints formulated as a shortest path algorithm problem. Diverse strategies were studied to incorporate shape a priory knowledge. Our approaches retain the benefits of efficiency and certainty to recover the global optimum, familiar attributes of the shortest path algorithms. On the experimental study the inclusion of shape prior information increased the quality of the contours detected. The medical interest of the proposed method is to provide a totally automated tool to assure an objective analysis of the aesthetical result of BCCT.
